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Abstract
Understanding a patient’s medication history is essential for physicians to provide appropriate treatment recommen-
dations. A medication’s prescribed daily dosage is a key element of the medication history; however, it is generally not
provided as a discrete quantity and needs to be derived from free text medication instructions (Sigs) in the structured
electronic health record (EHR). Existing works in daily dosage extraction are narrow in scope, dealing with dosage
extraction for a single drug from clinical notes. Here, we present an automated approach to calculate daily dosage for
all medications in EHR structured data. We describe and characterize the variable language used in Sigs, and present
our hybrid system for calculating daily dosage combining deep learning-based named entity extractor with lexicon
dictionaries and regular expressions. Our system achieves 0.98 precision and 0.95 recall on an expert-generated
dataset of 1000 Sigs, demonstrating its effectiveness on the general purpose daily dosage calculation task.
Introduction
Electronic health records (EHRs) have the potential to significantly improve clinical care by enabling quick access
to patient information. However, the abundance of information stored within EHRs have resulted in problems of
information overload and physician burnout, with physicians reporting workflow disruptions, decreased productivity
and low satisfaction with current EHR systems1. Various visualization and dashboard displays have been proposed to
improve the usability of existing EHR systems. A shared common element in many of these designs is the use of a
medication timeline that captures the start date, treatment duration, expected end date, daily dosage, dispense events,
renewal events, etc2, 3. Most of these elements are present as discrete fields in the EHR’s structured medication data.
However, daily dosage as a discrete quantity is generally not provided and requires understanding the free text Sig field
in combination with other details of the medication itself in order to calculate it. To address this gap, we developed an
automated system to calculate daily dosage using information provided in EHR structured medication data.
The Sig for a medication prescription provides specific directions to the patient on how to take the medication. These
directions typically include information on how often to take the medication and how much of the medication to take
each time (e.g. ‘Take 1 tablet twice daily’), and may sometimes include more detailed instructions such as when to
take the medication, how to take the medication, why the patient is taking the medication, etc. The Sig field can
be populated in various ways, such as drop-downs, templates, free text, or some combination of the above, resulting
in numerous textual variations in the actual Sig language. A prior study of electronic prescriptions in ambulatory
care settings found 832 permutations of the Sig concept of ‘Take 1 tablet by mouth once daily.’4. Due to the free
text nature of Sig text, sometimes confusing Sigs are generated that are incomplete, ambiguous, or contradictory
leading to difficulty in interpretation4. Because of the multitude of prescriptions available in medicine and the variable
language and quality of the Sig field, it is important for a system to (1) be extensible to a large variety of medication
prescriptions, (2) only return a daily dosage value when there is a sufficient level of confidence, and (3) be able to flag
prescriptions that may contain confusing or ambiguous Sigs. To address the real world need and system requirements
listed above, in this paper, we:
1. Characterize the complexities in medication prescriptions and the challenges in calculating a daily dosage,
2. Describe how we’ve defined our task to apply to a wide variation of medications and Sig language,
3. Present our hybrid system leveraging a similar publicly available dataset to overcome the lack of ground truth,
4. Validate our system on an expert-generated test dataset.
Under review for AMIA Annual Symposium 2020.
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Related Work To the best of our knowledge, this is the first work targeting general purpose daily dosage calculation
task from free text medication instructions in EHR structured data. Previous works on dosage calculation have focused
exclusively on clinical notes, with each study targeting dosage extraction for a single drug of interest5, 6. Although
there are similarities between medication-related information in EHR structured and unstructured data due to a lot of
structured data being imported into unstructured notes, by expanding our scope to target all medications, we introduce
a lot more variability and complexity to the task. Our work differs in that (1) we use free text Sigs in EHR structured
medications as our input, (2) our proposed system targets all medications.
Methods
We define the daily dosage calculation task as follows: given a Sig and accompanying medication strength (i.e. the
amount of drug in a given dosage form, e.g. ‘500 mg’), calculate the minimum and maximum prescribed daily dosage
for the medication. To accomplish this, we extract basic entities and compound entities from the Sig. Basic entities
are the building blocks of the Sig, such as NumericalValue, Form, Route etc. The complete list of basic entities, their
descriptions and examples are outlined in Table 1. These basic entities are extracted using lookup on a predefined
lexicon file, which contains a curated collection of terms and their variants for each basic entity.
Table 1: Basic entity types, with a few examples from their lexicon and corresponding normalized values.
Entity Type Description Lexicon Examples Normalized Values
NumericalValue (NV) Real number or a range of real numbers twice 2
2-4 2, 4
Form Physical formulation of the drug tab tablet
tablet tablet
Units Weight, volume or concentration of form g 1000mg
mg/ml mg/ml
Route Way the dosage form is given p.o. oral
puff inhalation
Frequency (Freq) How often medication should be taken daily 1
weekly 7
FrequencyMod A modifier on the frequency every 1
every other 1/2
Compound entities capture higher level information from the Sig, specifically: DosagePerAdministration (DA), Ad-
ministrationFrequency (AF), and DosageExpression (DE). We extract compound entities from the Sig using a set of
regular expressions. Table 2 presents compound entities along with some rules and matching text snippets.
Table 2: Compound entity types, with their regular expression examples and matched sample text. ‘?’ means optional.
Entity Type Rule Example Text
DosagePerAdministration (DA)
NumericalValue + ?Form + ?Route 1 tablet
NumericalValue + Unit + ?Route 20 mg
AdministrationFrequency (AF)
?NumericalValue + Frequency twice daily
?FrequencyMod + ?NumericalValue + Frequency every other day
DosageExpression (DE) DA + AF 1 tablet twice daily
DosagePerAdministration (DA) is the dosage or the amount of medication that should be taken per administration of
the medication. It is usually expressed either as a number (e.g. ‘2’), a number followed by form (e.g. ‘1 tablet’), or a
number followed by unit (e.g. ‘25 mg’).
AdministrationFrequency (AF) is the number of administrations of the medication that are executed over a period of
time. It is usually expressed as frequency of the medication (e.g. ‘two times a day’, ‘once a week’). Note that the time
frame referenced by AdministrationFrequency can vary depending on the Sig.
DosageExpression (DE) is defined as a pair of consecutive DosagePerAdministration and AdministrationFrequency.
A DosageExpression (e.g. ‘2 tablets twice daily’) can be interpreted with medication Strength information (e.g. ‘50
mg/tablet’) to calculate the final daily dosage value (e.g. ‘200 mg/day’). Note that some Sigs may contain multiple
DosageExpressions that need to be combined to calculate a final daily dosage value. For example, the Sig ‘take two
tablets in the morning and take two tablets in the evening’ contains two DosageExpressions, each consisting of a
DA+AF pair, (i.e ‘two tablets - morning’ and ‘two tablets - evening’). The two DosageExpressions need to be added
together to provide a final daily dosage value corresponding to four tablets per day.
System Description
To calculate the daily dosage value, we undergo a two step process to (1) extract necessary entities and their spans
from the Sig and (2) normalize extracted entities and combine the normalized values to calculate the daily dosage
value. We achieve the first step using an entity extractor and the second step by a normalization and dosage calculation
module. Both are explained in the following sections. An overview of the system is presented in Figure 1.
Figure 1: Overview of the daily dosage calculating system
Entity Extraction Module
The entity extractor takes Sig as an input and outputs a set of basic and compound entities for the normalization
and dosage calculation module. In our development of this module we explored two different, interchangeable entity
extraction techniques as detailed below. We compare the performance of the two techniques in the Results section.
Rule-based Entity Extractor works in a hierarchical process in which it first identifies basic entity types, followed
by identification of compound entities DosagePerAdministration and AdministrationFrequency. Finally, DosageEx-
pression entity is identified. A lexicon was used to identify basic entities, and a set of regular expressions to identify
compound entities. Figure 2 gives an example of this hierarchical process.
Deep Learning(DL)-based Entity Extractor: In an effort to better generalize our system we explored deep learning-
based approaches for entity extraction tasks. To overcome the lack of training data for entity extraction, we utilized
publicly available n2c2 2018 Adverse Drug Events and Medication Extraction in EHRs dataset7, 8, which contains
505 clinical notes labeled with entities such as Drug, Dosage, Strength, Frequency, etc. Although this ground truth
was created on clinical notes rather than Sigs, there is considerable overlap in definition with our entities. Hence,
we used n2c2 entities to train a named entity recognition (NER) system using state-of-the-art methodology employing
transformer-based language models (BERT)9. In this process, we used the publicly available clinical version of BERT10
and fine-tuned our model with n2c2 Drug, n2c2 Dosage, n2c2 Strength, n2c2 Frequency, n2c2 Route, n2c2 Form and
Figure 2: Hierarchical ordering of basic and compound entities.
n2c2 Duration entities. Table 3 lists these n2c2 entities and their comparable basic or compound entities.
Table 3: n2c2 Entity types and mapping to basic and compound entities
Entity Type Description Comparable Basic orCompound Entity Examples
n2c2 Form Physical formulation of the drug Form tab, capsule
n2c2 Strength Dosage & Units of a single unit of medication NumericalValue + Unit 1000mg, 5 mg/ml
n2c2 Route Way the dosage form is given Route p.o. , puff
n2c2 Frequency How often medication should be taken AdministrationFrequency two times weekly
n2c2 Dosage Amount of DosagePerAdministration NumericalValue 1-2, 1/2
To extract necessary entities, we predicted the n2c2 entities on Sigs by applying the n2c2 model, and then combined
them to form our two compound entities, DosagePerAdministration as ‘(n2c2 Dosage or n2c2 Strength) + n2c2 Form’
& AdministrationFrequency as ‘n2c2 Frequency’. Finally, we extracted basic entities from these predicted compound
entities for the next step of normalization and dosage calculation.
Normalization & Dosage Calculation Module
After either entity extractor has identified spans for the various entities, the extracted spans need to be normalized to
appropriate numerical values so they can be combined to return a daily dosage value. To achieve this, we normalized
each basic entity type to their corresponding numerical value in the lexicon (see Table 1 for examples). Next, a
hierarchical set of rules was applied from most specific to general, to combine these normalized values to calculate
compound entity values and then final daily dosage value. Some examples of these rules is provided in Table 4.
Table 4: Daily dosage identification and calculation examples
Entity Extraction Normalization Daily Dosage Calculation
Medication
Order Basic Entity Compound Entity
Basic
Entity
Compound
Entity
Rule
Applied
Daily
Dosage
Sig: Take two
tablets twice
daily
Strength: 50mg
NV1:two
Form:tablets
NV2:twice
Freq:daily
DA:two tablets
AF:twice daily
DE:two tablets
twice daily
NV1:2
NV2:2
Freq:1
DA:2
AF:2
DA * AF *
Strength 200 mg
Sig: Take one
tab in am and
two tabs in pm
Strength: 50mg
NV1:one
Form1:tab
Freq1:am
—————
NV2:two
Form2:tabs
Freq2:pm
DA1:one tab
AF1:am
DE1:one tab am
———————–
DA2:two tabs
AF2:pm
DE2:two tabs pm
NV1:1
Freq1:1
———
NV2:2
Freq2:1
DA1:1
AF1:1
————
DA2:1
AF2:2
(DA1 * AF1
* Strength)
+
(DA2 * AF2
* Strength)
150 mg
Ground Truth Generation
We sampled 1000 medication orders from 427 patients within a large multidisciplinary medical center for use in
ground truth generation for system evaluation. This dataset contained 296 unique medications, 15 different routes of
administration, and 68 different formulations.
The ground truth generation process consisted of two parts: (1) Sig analysis, and (2) daily dosage calculation. For Sig
analysis, annotators were provided the Sig text and asked to annotate the number of forms or dose per administration
(e.g. ‘2 tabs’, ‘500 mg’) and the administration frequency (e.g. ‘once daily’). For daily dosage calculation, annotators
were provided with the Sig along with the accompanying medication strength, route, and formulation information
to calculate the daily dosage. In the case of combination medications, where a single formulation contains multiple
ingredients (e.g. ‘TYLENOL-CODEINE #3 300 MG-30 MG TABLET’), daily dosage was calculated separately for
each ingredient. When a range is indicated in the Sig text (e.g. ‘1-2 tabs every 4-6 hours’), annotators were asked to
provide the minimum and maximum daily dosage the patient could take. Table 5 provides some sample annotations.
Table 5: Sample ground truth annotations
Medication Order Information Sig Analysis GT Daily Dosage (DD) GT CommentsSig Strength Route Form DA AF Max DD Min DD
1/2 tab bid 2 mg Oral tablet 1/2 tab bid 2 mg -
Take one(1)
inhalation
twice daily
250-50
mcg/dose Inhalation
disk
with
device
one(1)
inhala-
tion
twice
daily
500-100
mcg -
Drug with
multiple
ingredients
one to two
tablets daily 7.5 mg Oral tablet
one to
two
tablets
daily 15 mg 7.5 mg Sig indicatesa range
Sometimes a medication is prescribed to be taken regularly but not necessarily daily (e.g. every other day), as is often
the case when the unit of medication does not come in the desired dose per day (e.g. physician wants a daily dose of
5 mg but the medication only comes in 10 mg tablets). Since our purpose in extracting daily dosage is to plot it on a
timeline, for these cases annotators were asked to calculate the average daily dosage if the patient was taking at least
one dose over the course of a week. For example, the annotator would annotate a daily dosage for the Sig ‘1 tab po
q week’ by dividing the total weekly dose over 7 days. When the frequency of dosing is less than once a week (e.g.
‘1000mcg IM monthly’), annotators were asked to mark this as ‘no daily dosage’. Similarly, if the annotator could not
calculate a daily dosage for any other reason, they would indicate so and provide the reason why.
To better understand the complexities in Sig expressions and the technical challenges of automating daily dosage
calculation, we present an analysis of the ground truth generated by medical experts in the Results section. We report
on the number of prescriptions where human experts can and cannot determine a daily dosage. We further characterize
those occurrences based on (1) medication attributes provided by the structured medication entry and (2) qualitative
observations noted by our medical experts during the annotation process.
Evaluation Metric
We performed two sets of evaluations, (1) comparative performance of our two entity extraction modules and (2) our
end-to-end system against the human expert-generated ground truth, and report on the accuracy, precision, recall, and
F1 score. For the entity extraction evaluation, we performed a strict evaluation, i.e. exact matching of both span and
type of entity. For the end-to-end evaluation, the system was judged to be correct when it returns the same minimum
and maximum daily dosage value and unit of measurement as the human expert. For medications with multiple
ingredients, the system must correctly return the daily dosage value for each individual ingredient. If the system
returns a daily dosage value when the human expert has indicated that a daily dosage value could not be determined, it
is counted against the system as a false positive. Similarly, if the system is unable to return a daily dosage when one is
provided in the ground truth, it is counted as a false negative. In the case that the system returns a daily dosage value
that differs from that in the ground truth, it is counted as both a false positive and false negative.
Results
Ground Truth Analysis
Analysis of the human expert-generated ground truth reveals that human experts are only able to provide daily dosage
in 83% of the data, as seen in Figure 3. Within this subset of data with expert-provided daily dosage values, 94.7%
are medications delivered orally, 1.7% through inhalation, 1.7% nasal, 1.1% subcutaneous, and the remaining 0.8%
consist of other routes of administration. For the remaining 17% of cases where human experts did not provide a daily
dosage value, we explore the reasons behind this finding with specific examples in the Discussion section.
Figure 3: Percent of medication orders annotated with daily dosage by human experts for different routes.
Of the 830 medications where human experts provided a daily dosage value, 14.7% had multiple ingredients and
8.4% had Sigs that included ranges, indicating multiple daily dosage values for a given prescription (e.g. minimum /
maximum, daily dose per ingredient), and adding complexity to the Sig analysis.
System Performance
Comparison between the two entity extraction modules indicate comparable performance, as shown in Table 6.
Table 6: Comparison between rule-based and deep learning-based entity extractors.
Task Rule-based Entity Extractor Deep Learning-based Entity ExtractorP R F1 P R F1
DosagePerAdminstration 0.984 0.982 0.983 0.989 0.985 0.987
AdministrationFrequency 0.981 0.982 0.982 0.990 0.981 0.985
As both modules have comparable performance, we used DL-based system to generate our end-to-end dosage calcula-
tion numbers presented in Table 7. Our system achieved 0.98 precision, 0.95 recall, 0.96 F1 score and 96.2% accuracy
on the evaluation dataset of 1000 Sigs. Another way to understand these results is by comparison to daily dosage as
provided by human experts in the ground truth. In our evaluation dataset, human experts provided a daily dosage in
83% of the data, and is 100% correct when a daily dosage value is returned. Whereas, our system returned a daily
dosage in 81.6% of the data, and is 98.2% correct when returned.
Discussion
Analysis of Expert Generated Ground Truth
As observed in Figure 3, human experts did not provide a daily dosage value in 17% of prescriptions. This 17% consists
mostly of medications delivered either by oral, topical, subcutaneous, vaginal, or ophthalmic routes of administration.
In the following section we discuss these cases as organized by the medication’s routes of administration.
Table 7: System evaluation results on all 1000 prescriptions.
System
Daily dosage extracted
and CORRECT
Daily dosage extracted
but INCORRECT
Daily dosage
NOT extracted
Human
Expert
Daily dosage
extracted 800 7 23
Daily dosage
NOT extracted NA 8 162
Oral. For oral medications, we identified three major categories of reasons for why human experts did not provide a
daily dosage value:
1. Need more information, where Sig alone is insufficient to determine daily dose, including Sigs that are lacking
in detail (uninformative sig), missing information (incomplete sig), or presenting conflicting instructions.
2. Variable dose over different days, where the daily dosage varies from day to day.
3. Daily dose not meaningful, where the medication is prescribed either for use under a specific set of circum-
stances (non-routine dose), or as a one time single administration (one time dose).
Figure 4 is an analysis of oral medication prescriptions reviewed by human experts, and shows the number of oral
prescriptions where the human experts calculated a daily dosage, the number of prescriptions where they did not
provide a daily dosage, and the reasons why.
Figure 4: Analysis of human expert annotated daily dosage ground truth for 877 oral medications.
The largest category of oral medication orders where experts did not provide a daily dosage were cases where more
information beyond the Sig was needed to determine the daily dosage value, either because the Sig was uninformative,
missing key information, or contained ambiguous or conflicting instructions that need clarification. In the case of
uninformative Sigs, the actual patient instructions may be written elsewhere. However, Sigs with either missing,
ambiguous, or conflicting instructions reflect a Sig quality issue, which has been studied in more detail by Yang et
al4. The second major category were Sigs that indicate varying dosing over different days. A common example is a
tapering dose, where the patient is instructed to start taking the prescription at a specific dose, then gradually reduce
the dose over a certain number of days until eventually the medication is discontinued. Since the daily dosage value
changes depending on the specific day, our current representation of a single daily dosage value is insufficient to
capture these cases of varying dosages. Lastly, in some cases the drug was not taken regularly enough for a daily
dosage value to be meaningful. Common examples are prescriptions with instructions to only take the medication in
a specific scenario, such as ‘30-60 minutes before sexual intercourse’, ‘one hour prior to procedure’, or ‘at onset of
headache’. Table 8 shows some examples of Sigs for oral medications that fall under each of these categories.
Table 8: Examples of Sigs for oral medications where human experts declined to provide a daily dosage value.
Sig Text Comments
Take as directed. Need more information - uninformative Sig
Take 1 tablet by mouth. Need more information - missing frequency
Take 0.25 tablets by mouth once daily. TAKE ONE HALF (0.5)
OF A TABLET DAILY.
Need more information - conflicting instruc-
tions
Take one and half (1.5) tablets twice daily (weeks 1-4); Take one
and half (1.5) tablet in AM and two(2) tablet in PM (week 5);
Take two(2) tablets twice daily from week 6 onwards.
Variable dose over different days
Take 6 tab day1, 5 tab day 2, 4 tab day3 , 3 tab day 4, 2 tab day
5, 1 tab day 6. Variable dose over different days
Take 4 pills by mouth one hour prior to the procedure. Daily dosage not meaningful - non-routinedose
Take 1 tablet by mouth one time only. Daily dosage not meaningful - one time dose
Topical. For most other routes, the reason why human experts were declined to provide daily dosages is often closely
related to the way these medications are formulated or delivered. For example, topical medications usually come
in the form of creams, gels, ointments, lotions or similar formulations, which are not easily quantified by a specific
measurable amount. Therefore, Sigs are more generally written, such as ‘Apply to affected area twice daily’, and do
not translate to a specific daily dosage value. This observation also applies to some medications delivered by other
routes of administrations, such as ophthalmic ointments and rectal and vaginal creams.
Ophthalmic. Some ophthalmic medications are formulated as solutions or suspensions, which are measurable in
milliliters. However, ophthalmic solutions or suspensions are typically delivered in the form of drops, such as ‘Use 1
Drop in the left eye twice daily’. Since the volume of a drop is not well-defined, there is no standard normalization of
this unit to convert these types of Sig expressions into a daily dosage value.
Subcutaneous. In the case of medications delivered through injections, either subcutaneously, intramuscularly, or
intravenously, a common reason cited by human experts for why a daily dosage value could not be extracted is because
the medication was indicated as a one time dose, for example ‘Inject 0.65 mL subcutaneously one time only for 1 dose’.
This is likely because such medications are more often delivered in a medical setting by an experienced medical
professional familiar with delivering injections.
Analysis of System Errors
To better understand and improve our system, we reviewed all cases where the system erred, either because it (1)
returned a daily dosage different from what is in the ground truth, (2) returned a daily dosage where human expert did
not, or (3) failed to return a daily dosage when one was provided in the ground truth. We identified the following four
main categories of errors, with some examples shown in Table 9:
1. Extra information (not considered by system)
2. Multiple dosage expressions
3. New expressions (not understood by system)
4. Typo and/or misspellings
Due to the patient safety implications of returning an incorrect daily dosage, we developed our system to have very
high precision. However, there were still a few cases where our system returned an incorrect daily dosage resulting in
a false positive. Almost all of these cases were due to the Sig containing extra information that was not considered by
the system. This extra information was either a maximum limit over a set time period that overrides the instructions
in the rest of the Sig (e.g. ‘max = 6 tabs/day’, ‘Do not exceed 30 MG per day’), or an exception to the instructions
in the rest of the Sig (e.g. ‘2 po bid and maytake an extra 1/2 tab qd prn palpiations’). For these cases, our system
correctly parsed the first part of the Sig and returned a daily dosage value based on that, but did not consider the extra
information to revise the daily dosage as necessary.
There are various scenarios that result in a Sig containing multiple dosage expressions. Sometimes this is intentional,
for example when the provider instructs the patient to take different doses at different times of day (e.g. ‘Take 1 tablet
by mouth daily before lunch. take one full pill before dinner’). For these cases of variable dosing throughout the day,
the system attempts to understand this as a separate dosage expression for each administration, and add them up to
calculate the daily dosage. However, depending on the language of the Sig, the system may not be able to construct
full dosage expressions for each administration, and therefore opt to return null in cases of insufficient confidence,
resulting in a false negative.
Just as often though, multiple dosage expressions in a Sig is unintentional, likely due to user error in generating the
Sig. We observed cases where the Sig contained duplicate instructions (e.g. ‘Take by mouth every 4 hours as needed
for Cough. Take 1 teaspoon(s) as needed for cough every 4 hrs.’) or conflicting instructions (e.g. ‘Take by mouth three
times daily. take 6 pills three times daily’). Although the system was able to identify most cases of conflicting Sigs
and returned null in those cases, it missed two instances where instead of returning null, it returned an incorrect daily
dosage calculated based on only the first dosage expression.
Table 9: Examples of system errors.
Sig Text Comments
Take 1-2 tablets by mouth every 6 hours as needed for Pain
(max = 6 tabs/day). Extra info (daily limit) not considered by system
2 po bid and maytake an extra 1/2 tab qd prn palpiations Extra info (‘extra’) not considered by system
Take 2.5 mg by mouth once daily. Warfarin 5 mg only on
Tues and Thurs, other days takes 2.5 mg.
Multiple dosage expressions - system unable to
reconcile between the two
Take 1 tablet by mouth daily before lunch. take one full pill
before dinner
Multiple dosage expressions - system could not
add two expressions
alternates 5 mg and 7.5 mg daily New expression ‘alternates’
Take one tablet Mon-Wed-Thur-Sat New expression - ‘Mon-Wed-Thur-Sat’
i cap 5times/day Typo / misspelling - not found in lexicon
A third category of errors are Sigs containing new expressions not previously encountered in the development set and
therefore not recognized by the system as a basic entity, resulting in a false negative. These new expressions can be
easily incorporated into the lexicon file to enhance system performance. Last of all, typos and misspellings commonly
occur in clinical text. In these cases, the system was unable to recognize the basic entities to build a dosage expression
and therefore returned null, resulting in a false negative.
Comparison of Rule-based and Deep Learning-based Entity Extractor
Although the rule-based and DL-based entity extractors achieve comparable performance, each system has its own
strengths and weaknesses. DL-based extractor is able to generalize well and identify new expressions (e.g. ‘respule’,
‘applicatorful’) and certain misspelled expressions (e.g. ‘i qd’) which are missed by the rule-based extractor. On the
other hand, it sometimes completely or partially misses entities which are picked up by the rule-based extractor. For
example, for the Sig ‘one(1) tablet at onset of headache’, the DosagePerAdministration ‘one(1) tablet’ was correctly
identified by the rule-based extractor, but missed by the DL-based extractor. Similarly, for the Sig ‘Take one(1) tablet
two(2) times daily’, the AdministrationFrequency should be ‘two(2) times daily’, but is incorrectly predicted by the
DL-based extractor as just ‘two(2)’.
The end-to-end daily dosage extraction task involves not only identifying necessary entities but also normalizing the
identified entities and combining them to calculate daily dosage values. The deep learning-based entity extractor is
more generalizable, but is limited by the ability of the rule-based normalization and dosage calculation module to
normalize the recognized concepts and calculate a daily dosage value.
Future work
For future work, we plan to explore three broad ways to improve our current system. First, during this study we ob-
served additional information imparted by Sig text not captured by a single daily dosage value (e.g. PRN, time-limited
dosing, specific indications), and that certain types of medications have certain patterns of Sig text (e.g. tapering doses
for steroids, time-limited administration for antibiotics). Therefore, we plan to surface these additional Sig charac-
teristics, and leverage medication-specific information pulled from RxNorm to explore ways to further improve our
system. Second, as observed by our analysis of the expert-generated ground truth, there are certain categories of Sigs
where a daily dosage value should not be returned. Instead of simply returning null in these cases, we plan to surface
the reason for the null value using those expert-identified categories, namely, ‘need more information’ (e.g. uninfor-
mative, incomplete, or conflicting Sigs), ‘variable dosing over different days’, and ‘daily dosage not meaningful’ (e.g.
non-routine or one time dose). Third, as the normalization component of our system remains rule-based and reliant on
a curated lexicon, we aim to (1) explore learned systems to normalize the entities or (2) develop an automated process
to supplement this lexicon and calculate the final daily dosage value, with the end goal of developing an end-to-end
learned system for daily dosage extraction.
Conclusion
Physicians rely on structured medications in EHRs as their primary source of patient-related drug information. How-
ever, structured medications data as is contains free text fields such as medication instructions (e.g. Sigs) that require
additional understanding to determine the daily dosage for a medication. This work is the first to generalize the task
of daily dosage extraction on all medications in EHR structured data. We presented our hybrid system for calculating
daily dosage on all medications that consists of a deep learning-based entity extraction module and normalization
and dosage calculation module, and demonstrated its effectiveness against an expert-generated dataset. Moreover,
we presented an analysis of the expert-generated dataset and revealed that certain characteristics are common among
medications sharing the same route or of similar formulations, providing directions for future work in the area.
References
1. Shanafelt TD, Dyrbye LN, Sinsky C, Hasan O, Satele D, Sloan J, et al. Relationship between clerical burden and
characteristics of the electronic environment with physician burnout and professional satisfaction. Mayo Clin Proc.
2016;91(7):83648.
2. Lifelines. http://www.cs.umd.edu/hcil/lifelines/
3. Belden JL, Wegier P, Patel J, Hutson A, Plaisant C, Moore JL, et al. Designing a medication timeline for patients
and physicians. J Am Med Inform Assoc. 2019;26(2):95-105.
4. Yang Y, Ward-Charlerie S, Dhavle AA, Rupp MT, Green J. Quality and variability of patient directions in electronic
prescriptions in the ambulatory care setting. J Manag Care Spec Pharm. 2018;24(7):691-699.
5. Xu H, Doan S, Birdwell KA, Cowan JD, Vincz AJ, Haas DW, et al. An automated approach to calculating the daily
dose of tacrolimus in electronic health records. Summit Transl Bioinform. 2010;2010:71-75.
6. Xu H, Jiang M, Oetjens M, Bowton EA, Ramirez AH, Jeff JM, et al. Facilitating pharmacogenetic studies using
electronic health records and natural-language processing: a case study of warfarin. JAMIA. 2011;18(4):387-91.
7. Henry S, Buchan K, Filannino M, Stubbs A, Uzuner O. 2018 n2c2 shared task on adverse drug events and medica-
tion extraction in electronic health records. JAMIA. 2020 Jan;27(1):3-12.
8. https://portal.dbmi.hms.harvard.edu/projects/n2c2-2018-t2/
9. Devlin J, Chang MW, Lee K, Toutanova K. Bert: Pre-training of deep bidirectional transformers for language
understanding. arXiv preprint arXiv:1810.04805. 2018 Oct 11.
10. Alsentzer E, Murphy JR, Boag W, Weng WH, Jin D, Naumann T, McDermott M. Publicly available clinical BERT
embeddings. arXiv preprint arXiv:1904.03323. 2019 Apr 6.
